INTRODUCTION
G-protein coupled receptors (GPCRs) comprise a super family of cell surface receptor molecules characterized by seven transmembrane segments. Agonists and antagonists of GPCRs and agents that interfere with cellular pathways regulated by GPCRs are widely used drugs. These receptors bind ligands through their extracellular and transmembrane domains. Ligand binding is believed to result in conformational changes of the protein that lead to a cascade of * To whom correspondence should be addressed.
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intracellular events mediated by effector proteins. The path of the intracellular cascade is determined by the specific class of G-proteins that these receptors interact with (Simon et al., 1991) . The heterotrimeric G-proteins, composed of α-, β-and γ -subunits, are classified based on the α-subunit. The α-subunit belongs to one of the four classes, G i/o , G q/11 , G s and G 12/13 . The G s class is involved in activating adenylyl cyclase, the G i/o in inhibiting adenylyl cyclase and regulating ion channels, the G q/11 in activating phospholipase C and G 12/13 in activating the Na + /H + exchanger pathway. GPCRs can be broadly subdivided into G i/o -, G q/11 -, G s -and G 12/13 -coupled receptors based on their G-protein coupling preference. Various biochemical approaches have been developed to determine GPCR coupling specificity and to elucidate the mechanism of the molecular specificity (reviewed in Wess, 1998) . Despite intensive research for more than 15 years, the coupling specificity of many GPCRs is yet to be experimentally determined. Determining the coupling specificity is an essential step in understanding the biology of a GPCR and in the development of cell-based assays useful for discovering therapeutic agents. The development of methods for accurate determination of G-protein coupling would be of particular use in the study of orphan GPCRs (oGPCRs), those GPCR-like sequences for which no ligand is yet known. While empirical methods exist for predicting the G-protein coupling selectivity of oGPCRs, the approaches are not usefully predictive in all instances. Thus, improved methods for predicting the G-protein coupling selectivity of GPCRs would be of significant utility.
Two in silico strategies for predicting GPCR-G-protein coupling specificity have broad application across the different subtypes of receptors (Moller et al., 2001; Cao et al., 2003) . Other computational approaches have addressed the coupling specificity of a particular receptor or small group of receptors (Oliveira et al., 1999; Horn et al., 2000; Greasley et al., 2001) . A naïve Bayes model developed by Cao et al. (2003) correctly predicted the coupling specificity of 72% of a validation set consisting of 55 GPCRs. This statistical approach appears to predict the G i/o class and G q/11 class with the highest (85%) and the lowest (53%) accuracy, respectively. In a data-mining approach combining membrane topology prediction and pattern discovery, Moller et al. (2001) identified class-specific sequence patterns in the intra-cellular loops of GPCRs that perhaps determine the selectivity in G-protein coupling. Many discriminative sequence patterns discovered in this study matched only one of the three groups of GPCRs, though a small number of these patterns were seen infrequently in other groups. It is noteworthy that the discriminatory power of the sequence patterns was further enhanced by using combinations of patterns and by assigning sensitivity and specificity scores to each pattern. All 10 GPCR subtypes, 7 belonging to the G s -specific class and 3 belonging to the G q/11 -specific class were correctly classified by this scheme; however, receptors belonging to the G i/o -specific class were conspicuously absent in the validation set.
Experimental evidence indicates that the intra-cellular loops and the C-terminal end of GPCRs are important for G-protein coupling and the cytoplasmic ends of the transmembrane helices also contribute towards G-protein recognition and activation (Wess, 1998) . Though Moller et al. (2001) suggested that patterns that overlap at least two cytosolic loops might increase selectivity of the prediction scheme, their method as well as the naïve Bayes model (Cao et al., 2003) treated the four cytosolic domains independent of each other. However, an exhaustive enumeration of all possible combinations of the four cytosolic domains will probably give rise to too many variables in the method, i.e. the method may be narrowly trained on the training set and have limited ability to generalize. Here we present an alternative, namely, concatenate the amino acid residues in the four cytosolic domains (intra-cellular loops and the cytoplasmic ends of the transmembrane helices). We hypothesized that a sequence profile based on the concatenated four cytosolic domains of GPCRs would serve as a discriminator to predict the G-protein coupling specificity. Such an approach would capture sequence features, if any, spread across two or more intra-cellular loops. In addition, matches to short conserved sequence patterns (motifs) consisting of small number of highly conserved residues are informative and appropriate in certain cases, but matches to longer sequences are generally more discriminatory and reliable. Further, a sequence profile extends a simple pattern by the use of variable amino acid scores and variable gap penalties at each consensus position and a hidden Markov model (HMM) extends a profile by replacing arbitrary scores with probabilities yielding a full probabilistic model of mismatches, insertions and deletions relative to a consensus. In this study we show that three HMMs (Eddy, 1998) based on the cytosolic domains of GPCRs, one each for the G i/o -, G q/11 -or G s -class can be used predict the G-protein coupling specificity at an accuracy more than 95%.
SYSTEMS AND METHODS

Dataset and HMMs
To test our hypothesis that three sequence profiles specific for the three classes of GPCRs can be used to predict the GPCR-G-protein coupling, we used a set of 102 receptor sequences for which coupling specificity has been experimentally determined (Alexander et al., 2001) . Since the number of GPCRs that are known to couple to G 12/13 are inadequate to constitute training and test sets, the G 12/13 -class of GPCRs are not considered in this study. For simplicity, GPCRs that are known to be promiscuous in coupling were not included in this set. Multiple sequence alignments for the three subsets, G i/o -G q/11 -or G s -classes containing 49, 34 and 19 sequences, in that order, were generated using TCoffee (Notredame et al., 2000) followed by manual curation of the alignments. Transmembrane (TM) helices of these proteins were predicted using TMHMM2.0 (Krogh et al., 2001) and in the case of those proteins with fewer than seven predicted TM helices, TopPred (Claros and von Heijne, 1994 ) was used to predict TM helices missed by TMHMM2.0. Blocks of sequences representing the extra-cellular loops and the predicted TM helices except two residues at the cytosolic end of each TM helix were removed from the multiple alignment leaving behind amino acid residues, referred to as cytosolic domains, i1, i2, i3 and i4. Excision of TM helix 3 was given special attention so that the E/DRY/F box (Wess, 1998) , when present, is included in i2 regardless of the TM helix prediction. The multiple sequence alignments were further modified by removing sparse columns and columns containing simple repeating patterns. Thus, the multiple sequence alignment of the concatenation of cytosolic loops i1, i2, i3 and i4 was obtained. This MSA was used with the HMMER 2.2 package (Eddy, 1998 (Eddy, , 2001 , http://hmmer.wustl.edu/) for building and calibrating HMMs.
For the test set also, predicted cytosolic domains i1, i2, i3 and i4 were extracted and concatenated in that order. This concatenated sequence was used as query sequence for 'hmmpfam' of the HMMER 2.2 package in order to check the match of a GPCR sequence against the set of HMMs.
Two-thirds of the sequences from each subset were randomly chosen as a training set and the remaining one-third were used as test set. No sequence was included in the training set more than once. HMMs for G i/o -, G q/11 -or G s -classes were built using the training set and the composite test set was used as query sequences. This process of random selection of training set and test set, model-building and model-matching was repeated 100 times resulting in 32 coupling predictions for each protein, on average.
A test GPCR sequence (i.e. concatenation of its predicted i1, i2, i3, i4 cytosolic domains) was matched using hmmpfam against the HMMs built for G i/o -, G q/11 -and G s -classes. In the simplistic E-value based method, a GPCR is predicted to be specific to the class with the best match (lowest E-value) with an E-value cutoff of 1.00. A more robust classification based on a discriminant function was carried out as described below.
Discriminant analysis
Discriminant analysis was used to assess the rate of misclassification based on HMM assigned scores. The means of scores S i , S q and S s , HMMER-assigned scores against G i/o -, G q/11 -and G s -specific HMMs respectively, were computed for each sequence. This data set of mean scores was used in the discriminant function analysis.
Take a simple example of two classes A 1 and A 2 defined in a space . Each class A i has density function f i and prior probability π i . To solve the classification problem is to find a boundary that divides into regions R 1 and R 2 such that if an observation falls in R i , it will be classified as coming from class A i . Our aim is to minimize the total probability of misclassification
By rewriting it as
the probability is minimized by including in R 1 the points such that π 2 f 2 < π 1 f 1 and excluding from R 1 the points such that π 2 f 2 > π 1 f 1 . Continuity of the densities implies that the boundary between R 1 and R 2 is determined by π 1 f 1 = π 2 f 2 . When the two densities are multivariate normal with a common within-class covariance matrix, the boundary reduces to a linear discriminant function. When the two densities are multivariate normal with different within-class covariance matrices, it reduces to a quadratic discriminant function. The same conclusions can be generalized to cases with more than two classes.
For discriminant analysis, we considered the data set of 99 sequences with 49, 32 and 18 sequences in G i/o -, G q/11 -and G s -class, respectively. Sequences with no replicate data were excluded. The numbers of replicates ranged from 15 to 48. At each of the 2000 iterations, the dataset was split randomly into a training set and a calibration set with sizes 66 and 33, respectively. The quadratic discriminant function was developed based on the training set, and applied to the calibration set. We assumed that, within each class, the vector of mean scores has a multivariate normal distribution, and each class had its within-class covariance matrix; and, in addition, the prior probabilities of the classes were chosen to be equal. We used SAS version 8.2 for the data analysis, and proc discrim for the discriminant analysis in particular.
RESULTS
For building and validating our model to predict GPCR-Gprotein coupling, we used 49 G i/o -class, 34 G q/11 -class and 19 G s -class of GPCR sequences having average sequence identity of 26, 22 and 24%, respectively, within the cytosolic domain. The most related pair of sequences within these sets had 95, 82 and 72% identity and the most unrelated pair had 8, 4 and 11% identity within the cytosolic domain of G i/o -, G q/11 -and G s -classes. To avoid bias in segregating training and test sets, training and test sequences were chosen at random and the process was iterated 100 times to dynamically change the contents of the two sets between iterations. Thus in each iteration three HMMs, one for each class, and a test set containing sequences from all three classes, but none included in the training set were created. During the course of these 100 iterations sequences belonging to the G i/o -, G q/11 -and G s -classes were tested against the HMMs a total of 1600, 1100 and 600 times, respectively. A graphical representation of the entire data set generated in the 100 iterations is shown in Figure 1 . It is clear from Figure 1 that all the G i/o -coupling GPCRs have high scores against G i/o -specific HMMs (the 'I Score'), but low scores against G q/11 -(the 'Q score') and G s -specific (the 'S Score') HMMs. Similarly, the G q/11 -and G s -coupling GPCRs have high scores against their respective class specific HMMs and low scores against HMMs specific for a different class.
The raw predictions are presented in Tables 1-3 . Knowledge restricted HMM has the best result in the case of G i/o -coupled GPCR sequences. In this class only a single case of wrong prediction is reported, namely, EDG2. For the G q/11 -coupled GPCRs, there are only two GPCRs which are misclassified at least once: MGR1 and MGR5. Finally 
a In columns 3-7 numbers inside the parentheses were obtained from the discriminant analysis. b Accession numbers are from SwissProt/TREMBL database. c E-value > 1.00 for the best match.
for the G s family, there are three possible misclassifications: FSHR, PI2R and V2R. Thus, even by taking simply a single prediction, the chances of misclassification are fairly small. However, in order to estimate the robustness with which the classification between various classes is made, we conducted a discriminant analysis as described in methods and found 136 misclassifications equivalent to an error rate of 0.0021. 
a In columns 3-7 numbers inside the parentheses were obtained from the discriminant analysis; MGR1 and MGR5 were not included in the discriminant analysis. b Accession numbers are from SwissProt/TREMBL database. c E-value > 1.00 for the best match.
In Figure 2a and b, the E-values obtained for melanocortin 3 receptor (MC3R) and follicle stimulating hormone receptor (FSHR) are shown in radar plots. It can be noticed from Figure 2a that there was a unanimous verdict regarding the coupling specificity of MC3R with extremely low E-values against the G s -specific HMMs. Also, there is a significant difference between the E-values obtained against the G s -specific HMMs and those against the G i/o -and G q/11 -specific HMMs. In the case of FSHR, the verdict was not unanimous, though a vast majority of the models predicted it to be G s -coupling (Fig. 2b) . As depicted in Figure 2b , the E-values of FSHR against different G s -, G q/11 -and G i/ospecific HMMs were slightly overlapping and not drastically different between classes. These two plots depict the kind of variation observed in our attempt to predict G-protein coupling.
Of the 1600 predictions based on E-value, there was one wrong prediction in the G i/o -class of proteins (Table 1 ). The lysophosphatidic acid receptor (EDG-2, SwissProt: Q92633) was tested 24 times against different HMMs and was misclassified as G s -coupling once and correctly classified as G i/o -coupling 23 times. The discriminant function also misclassified EDG-2 twice in 631 attempts.
From the data presented in Table 2 it is clear that there were 12 misclassifications in a total of 1100 predictions based on E-value for the G q/11 -class of receptors; all 12 misclassifications were for either metabotropic glutamate receptor 1 precursor (MGR1, SwissProt: Q13255) or metabotropic glutamate receptor 5 precursor (MGR5, SwissProt: P41594). The metabotropic glutamate receptor 1 precursor was included 27 times in the test set; it was classified as G i/o -coupling three times, seven times it was not matched against any three models at E-value <1.0 and the remaining 17 times it was correctly classified. Of the 26 times metabotropic glutamate receptor 5 precursor was tested, correct classification was made 15 times, but three times it was classified as G i/o -coupling, one time as G s -coupling and seven times it was not matched against any three models at E-value <1.0. MGR1 and MGR5 were not included in the discriminant analysis because of insufficient data points. Of the 600 predictions based on E-value for the G s -class of proteins, 13 were wrong; all mistakes were limited to three sequences (Table 3 ). The FSHR precursor (FSH-R, SwissProt: P23945) was correctly classified 20 times, but incorrectly classified as G i/o -coupling on 6 occasions (Table 3 , Fig. 1b) . As expected, the discriminant function also misclassified FSH-R in 115 of the 665 attempts. Similarly, based on E-value vasopressin V2 receptor (V2R, SwissProt: P30518) was correctly classified 28 times, but incorrectly classified as G q/11 -coupling on six occasions. For V2R, the error rate in the discriminant analysis was 15/692. The prostacyclin receptor (PGI Receptor, SwissProt: P43119) was correctly classified in 27 of the 28 attempts and incorrectly placed into the G q/11 -class on one occasion. The prostaglandin E2 receptor (PE24, SwissProt: P35408) and prostanoid IP receptor (PIR, SwissProt: P43119) were misclassified by the discriminant function at an error rate of 1/662 and 2/681. Prostaglandin D2 receptor (PD2R, SwissProt: Q13258) was not included in the discriminant analysis because of insufficient data points in G i/o -and G q/11 -scores.
In order to evaluate the benefits of knowledge restricted HMMs, we built HMMs using the multiple sequence alignments of full-length sequences and used full-length sequence as query. In contrast to the high accuracy rate of the knowledge restricted HMMs, the predictions made by full-length HMMs and full-length query sequences were quite error prone (Fig. 3a-c) . A number of receptors such as GALT, BRB1, BRB2, HH1R, UR2R, FSHR, 5H6, 5H7 and V2R were misclassified by a vast majority of the models indicating that the ability to predict G-protein coupling specificity is greatly compromised by the presence of information irrelevant to G-protein coupling.
DISCUSSION
The basis of our approach for the GPCR-G-protein coupling prediction is the following: (1) Intra-cellular loops and the cytosolic ends of the transmembrane segments, together referred to as the cytosolic domain, contribute to the specificity of GPCR-G-protein coupling. (2) We hypothesized that although interrupted by TMSs and extra-cellular loops in the primary structure of the GPCRs, the four intra-cellular segments (i1, i2, i3 and i4) treated as a contiguous sequence of amino acids would provide a reasonable framework for building a HMM that captures the features of the coupling domain. (3) When determining the match between a model and the sequence of a GPCR, the cytosolic domain should (a) MC3R
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1.00E-01 be extracted and used as query instead of the full sequence. Our premise that sequence similarity can predict G-protein coupling selectivity may, at first sight, appear to be inconsistent with certain arguments articulated by Wong (2003) .
According to Wong's hypothesis, G-protein selectivity is defined by the conformation of the intra-cellular region of GPCRs, and this conformation is regulated by the interaction between several intra-cellular regions. Further, G-protein coupling selectivity is a result of a combination of a general 'activation domain' and a specific 'selectivity domain' (Wong, 2003) . By treating the sequence of the four intracellular regions as a single contiguous sequence, our method of data extraction for model building and testing retains the critical regions of the sequence while discarding less important regions. The opposing forces of the 'activation domain' and 'selectivity domain' (Wong, 2003) that might be distributed amongst the four intra-cellular domains is approximated at the sequence level by concatenating sequences that fall into the four intra-cellular domains. The inability to find a consensus G-protein-coupling motif amongst GPCRs may be because the 'consensus motif' is composed of sequences from two or more intra-cellular regions, and the previous attempts at identifying such motifs considered the four intra-cellular regions in isolation.
In order to classify the proteins into G i/o -, G q/11 -and G s -classes we followed two approaches, a simplistic, best Evalue based approach and one based on a discriminant function that uses the HMM-assigned scores rather than the E-values. Both the methods gave similar results, as expected, because E-values are derived from the scores. It is apparent from the data presented in Tables 1-3 that the sequence of the concatenated cytosolic domain can indeed provide a good enough signal to correctly classify GPCRs according to their coupling preference. The error rate of the prediction scheme over 100 iterations, as described in the Systems and Methods section was <1.00% based on the GPCR-G-protein coupling specificity listed in the 'Trends in Pharmacological Sciences' nomenclature supplement (Alexander et al., 2001) . When fulllength sequences were used as training and test sequences, instead of the concatenated cytosolic domains, the error rates were 6, 27 and 41% for the G i/o -, G q/11 -and G s -classes, respectively, with an overall error rate of 19% (Fig. 3 a-c) . This high error rate observed when full-length sequences were used underscores the importance of applying biological intuition, in this case using only the relevant fragments, in the development of improved computational tools for biology.
Computational tools such as HMMs and artificial neural nets can be built for finding patterns in data. While they generally perform creditably, it never makes sense to deliberately ignore well-known patterns in the data with the assumption that the pattern detection tool will find it anyway. In general, the more attuned to the problem at hand the tool is, the better it will perform. In the case of protein sequences, different patterns exist at different positions for entirely different reasons. For a GPCR, roughly speaking, the transmembrane segments will be hydrophobic, the extra-cellular domains and transmembrane segments will hold patterns for ligand specificity and the intra-cellular domains for G-protein specificity. Since hydrophobicity and ligand specificity are not related to G-protein specificity, including that sequence in the HMM will lead to a dilution of the pattern and to the HMM being weaker. The high error rate noted from the use of full-length sequences for model building and testing underline this analysis. The GPCR-G-protein coupling prediction strategy presented here did show ambiguity in the case of a few receptors. Are such ambiguities artefacts of our in silico strategy or do they suggest different, but certain, affinity of these receptors towards different G-proteins? Of the sequences that were not unanimously segregated by the HMMs, EDG2 was the lone member of G i/o -class (Table 1 ). There are indications that EDG2 is in fact capable of coupling to G i/o , G q/11 and G 12/13 (Takuwa et al., 2002) but not to G s as predicted once in 24 attempts by the models. Table 2 reveals that coupling prediction of two proteins of the G q/11 -class, MGR1 and MGR5, were ambiguous. Experimental evidence exists for G s -coupling (Francesconi and Duvoisin, 1998; Miyashita and Kubo, 2000) and G i/o -coupling (Thandi et al., 2002) by MGR1. MGR1-G i/o -coupling was predicted by 3 out of 27 models, but 7 of the 27 models did not yield a prediction for the same receptor because of E-values higher than the threshold used in this study. The coupling prediction for MGR5 was also not unanimous although the majority of the models correctly predicted it to be of the G q/11 -class. The G scoupling FSHR was predicted to belong to the G i/o -class by 6 of the 26 models (Table 3 and Fig. 2b ). The FSHR coupling to both adenylyl cyclase and phospholipase C cascades in CHO cells has been suggested (Minegishi et al., 1997) , but in contrast to the predictions by the knowledge restricted HMMs there is as yet no evidence for a G i/o -mediated response. The Gs-coupling prostacyclin receptor PI2R was predicted to belong to the G q/11 -class by one of the 28 models (Table 3) . This receptor was suggested to couple to G q/11 (Namba et al., 1994; Narumiya et al., 1999) in addition to G s . V2 vasopressin receptor V2R is another Gs-coupling protein that was predicted to couple to G q/11 by 6 of the 34 models. Single amino acid substitution (M145L) in the second intra-cellular loop of V2R was sufficient to show substantial coupling to G q5 (Erlenbach et al., 2001) . Other members of the vasopressin/oxytocin receptor family selectively couple to G q/11 and have a leucine at the position corresponding to this methionine (M145) (Liu and Wess, 1996) . Whether the prediction by some of the models that V2R as G q/11 coupled is an artefact of the prediction scheme or it is an indication that V2R might couple G q/11 under certain physiological conditions or in particular cell types is an interesting question. Similar questions are relevant to other receptors also that were not unanimously classified by the models.
Once the promiscuity (or lack there of) the GPCR-Gprotein coupling gets established robustly for a larger number of receptors, it will be interesting to revisit this consideration: does ambiguous coupling prediction by HMM reflect multiple coupling? Currently promiscuity in GPCR-G-protein coupling is well established for 18 receptors. It is likely that more receptors will join this promiscuous group as more celltypes, physiological conditions and receptors are studied. A Bayesian classification scheme of G-protein coupling (Cao et al., 2003) predicted promiscuity for 35 of the 55 receptors included in the validation set. As mentioned previously none of the 102 receptors selected in the present study were promiscuous in G coupling according to TiPS (Alexander et al., 2001) . However a few models, albeit a small fraction, generated in the present study indicated promiscuity for 6 of the 102 receptors and 4 of this 6 receptors have been suggested or shown to be promiscuous (Namba et al., 1994; Minegishi et al., 1997; Francesconi and Duvoisin, 1998; Narumiya et al., 1999; Miyashita and Kubo, 2000; Takuwa et al., 2002; Thandi et al., 2002) . In this study, the model to which the cytosolic domain of a given GPCR matched the best was considered as the prediction. However, we feel that it is reasonable to consider dual or triple coupling where E-values derived as described in the methods show considerable overlap among the three different classes. An example shown in Figure 2b suggests that FSHR might be promiscuous in G-protein coupling. Therefore, we suggest that ambiguous predictions should be the starting points for further experiments exploring alternative G-protein coupling and downstream signal processing events rather than being dismissed as in silico artefacts.
Among the factors that might influence GPCR-G-protein coupling, but not considered by the prediction scheme described in this paper, is post-translational modification of the receptor. Relatively, a small number of sequences of the G q/11 -and G s -classes of receptors are available for model building; this probably had an adverse impact on our prediction ability for these classes. Our method has the highest error rate for the G s -class for which the training set was the smallest and the lowest error rate for the G i/o -class for which the training set was the largest. We believe that the lower error rate in the G i/o -class when compared to the error rates in G q/11 -and G s -classes is a reflection of the size of the training set and not because of a more discriminant or restrictive profile of the G i/o -class that enables predictions at low rate. Sensitivity and selectivity of our method might be improved with the availability of a larger training set. Thus, as more data become available in the future (about promiscuity as well as for all specificities), we expect that knowledge restricted HMMs will perform better.
In a number of situations in computational biology, we expect that knowledge restriction of HMMs or other pattern recognition tools will give rich rewards. An example is the other end of the GPCR to the one we concentrated on here, namely, ligand specificity. Deorphaning the receptor is a significant milestone in understanding any GPCR. It is possible that, when a number of GPCRs that bind to similar ligands are known other GPCRs of similar specificities can be identified using a knowledge restricted HMM, using only the extra-cellular domains. Another example is MHC-peptide binding, where only the binding groove sequence is expected to have any significant impact on peptide selectivity of an MHC. It should be possible to build an HMM of just the MHC peptide binding groove, in order to get a relatively compact model of peptide binding specificity.
The principle of knowledge restriction in building biological models may be adapted to methods other than HMMs that have been developed for classification of GPCRs. For example, principal component analysis (PCA) and partial least squares analysis (PLS) of the chemical properties of amino acid sequences have enabled successful classification of GPCRs (Lapinsh et al., 2002) and application of support vector machines (SVMs) have been useful in grouping GPCRs into families and subfamilies (Karchin et al., 2002) . PCA and PLS analysis of the amino acid sequence contained within the cytosolic domains of GPCRs or SVMs trained on the cytosolic domains of GPCRs may be useful for the prediction of GPCR-G-protein coupling and can be considered as an extension of knowledge restriction to PCA/PLS and SVMs.
